Introduction
Cell signaling relies on complex networks that involve many components and numerous possible interactions between components. The transmission of information within signaling networks however relies on the interactions between individual molecules. The probability of interaction is largely defined by the dynamic behaviour of each component. Hence measuring the molecular dynamics of signaling components has become increasingly important. The advent of photo-activated localization microscopy (PALM) has made it possible to obtain super-resolved images of membrane proteins with unprecedented spatial resolution [1] [2] [3] . The precise localization of signaling proteins enabled the identification of clusters [4, 5] and has already revealed novel clustering mechanisms. The extension of single particle tracking to PALM imaging data (sptPALM) revealed the dynamic processes and interactions of membrane proteins during cell adhesion and signaling [6, 7] . Despite these breakthroughs sptPALM has drawbacks which limit its applicability. Indeed, the particle localization algorithms require a reasonably good signal-to-noise ratio (SNR) in order to detect molecules within a given frame with nanometer precision. Therefore, the excitation laser power needs to be increased in order for a particle to absorb and emit sufficient number of photons in a short period of time. This in turn leads to increases in the photobleaching rates and prevents the recording of long trajectories. Moreover, photoactivated fluorophores can 'blink' , i.e. enter a reversible Tracking molecular dynamics without tracking: image correlation of photo-activation microscopy dark state befre being reexcited, which complicates single particle tracking codes and makes tracking computationally intensive [8, 9] . Previous attempts at extracting single particle dynamics from PALM image time series without relying on particle tracking was achieved with particle image correlation spectroscopy (pICS) [10] . Although pICS offers an appealing alternative to SPT, it still requires single molecule localization for the statistical analysis. The subfamily of image correlation spectroscopy (ICS) techniques offers alternative approaches for the measurement of the particle dynamics from the image time series [11] [12] [13] . In these techniques, fluorescence fluctuation correlations between all the pixel pairs in the image time series are calculated, and pairs with the same spatial and temporal lags are grouped to produce a spatio-temporal correlation function (CF). Since all the particles within the region of interest (ROI) are contributing to the CF, only the most dominant component(s) will emerge and their dynamics be extracted from CF. This is an advantage over SPT, since the CF is fitted to a given dynamic model so that localization and tracking of individual particles are not required. On the other hand, a potential disadvantage is that very bright subdiffraction sized objects, such as vesicles, that may be present within the same field of view (FOV) [14] cannot be excluded. Similarly, if particles populate a large structure which moves independently [13] , then the scenario with higher particle density will lead to a biased correlation function. Recently, FCS was extended to photo-activation probes and was used to measure the diffusion of transcriptional factors in living mammalian embryos [15] . The advantage of this approach is that only a subset of proteins were fluorescent through the activation of photo-activatable GFP (PAGFP). This not only reduced the toxicity caused by photobleaching, but also allowed FCS measurements of the protein dynamics in a high density environment. This is essential for FCS to produce an unbiased measurement of the particle dynamics [16] . Here, we show that some of the artifacts in ICS-like analysis can be overcome when photoactivatable fluorescent proteins are used instead of standard fluorescent proteins. Photo-activation STICS (paSTICS) not only extends the capabilities of image correlation spectroscopy techniques, but offers a new approach for measuring spatio-temporal dynamics of particles without resorting to SPT.
Methods
2.1. Cell culture, transfection and sample preparation COS-7 cells were grown in DMEM medium (Gibco) enriched with glucose (0.45% w v −1 ), sodiumpyruvate (0.15% w v −1 ) and l-glutamine (4 mM) and supplemented with 10% fetal bovine serum (FBS). Confluent cells were passaged (diluted) every 3 d. Cells were transfected with either EGFR-PAGFP or GPI-mEOS2 plasmid using a Lipofectamine LTX kit (Invitrogen) 24 h prior to imaging. Cells were trypsinated 4 h before imaging and seeded onto fibronectin-coated glass bottom (glass N°1.5 of thickness 0.16-0.19 mm) MatTek (MatTek Corporation) dishes. JCaM1 cells were cultured in RPMI medium (Gibco) supplemented with 10% FBS and were transfected by electroporation (NEON; Invitrogen) to express wild-type Lck-mEOS2. The activating surfaces consisted of coverglass coated with anti-CD3ϵ (16-0037; eBioscience) or/and anti-CD28 antibodies (16-0289; eBioscience). Cells were allowed to settle on the activating surface for 20 min at 37 °C. Antibodies (10 µg ml −1 in PBS each) were adsorbed onto surfaces by incubating clean glass coverslips (rinsed in water/acetone/ethanol) for at least 30 min at 37 °C.
TIRF microscopy
Photo-activation images were acquired on a total internal reflection fluorescence (TIRF) microscope (ELYRA, Zeiss) using a 100 × Alpha-Plan APO oil immersion objective lens (NA = 1.46). The microscope stage was equipped with an enclosed heating module (37 °C). For PAGFP, ∼0.1 mW of 405 nm laser radiation was used for imaging and/or 3 µW for green-conversion and imaging with ≪1 mW of 488 nm light. Similar 405 nm laser intensity was used for photo-conversion of mEOS2 and ≪1 mW of 561 nm light for imaging. For the photo-activation of mEOS2, the 405 nm laser was continuously on and did not affect the excitation rate at 561 nm. When PAGFP was imaged, the 405 nm laser was turned on briefly (few seconds) in order to activate a subset of particles and switched off for the subsequent excitation and imaging with 488 nm laser. This procedure was implemented to avoid activation of PAGFP by 405 nm. For all data sets, the laser intensity of 405 nm laser was increased gradually and the density of activated and excited molecules was monitored. Ideally, not more than ∼20 particles per µm 2 should be activated in order to avoid potential artifacts arising from STICS analysis at high particle density. 10 000 images were acquired per data set for wt Lck activation in JCAM1 cell, while 5000 images were acquired for EGFR-PAGFP diffusion in COS-7 cells. We used a cooled, electronmultiplying charge-coupled device camera (iXon DU-897D; Andor) with an exposure time of 30 ms (unless otherwise stated) and an imaging area of 512 by 512 pixels. The pixel size was 0.1 µm. The data were acquired using the Zen (Zeiss) software customized for this microscope and loaded into Matlab (The Mathworks Inc., Natick, MA) for further analysis.
Simulations
All simulations and data analysis were performed using custom built softwares in Matlab 2014a (The Mathworks Inc., Natick, MA). For 2D Brownian motion, particles were initially seeded uniformly and randomly in a FOV of 256 by 256 pixels. For each particle, coordinates were updated by picking 2 normally random numbers from a normal distribution with the standard deviation defined by δ D t 2 , where D and δt denote the diffusion coefficient and frame time, respectively. The new positions were defined from the previous using
, where randn is a normally distributed random number. In the simulations presented D and δt were set to 0.01 µm 2 s −1 and 1 s. For particles diffusion simulations the density was set to 10 particles per µm 2 . For the anti-sliding mode of adhesion protein dynamics, the particle density was set to 50 particles per µm 2 . The particles constituting adhesions were moving in the direction opposite to adhesions. The particle velocity was set to (v x , v y ) = (0.02, 0.02) µm s −1 while the adhesions' was set to (v x , v y ) = (−0.01, −0.01) µm s −1 . The new coordinates for particles and adhesions were obtained from previous using
De Gillespie algorithm [17] was used in order to simulate the photo-activation states of every particle at a given time. The time evolution of the density of inactivated (N inactive ), activated (N active ), reversibly bleached (N off ) and bleached (N bleached ) populations is governed by a set of 4 differential equations coupled by 4 kinetic rates. The activation rate k 1 , reversible bleaching k 2 , reversible un-bleaching k 3 and irreversible bleaching k 4 rates dictate the transition of particles between states ( figure 1(a) ). Only the particles in the active state were excitable and their coordinates were used in the convolution with the 2D Gaussian filter in order to simulate the images. The 2D Gaussian filter, mimicking the point spread function, had e −2 radius set to 0.4 µm. The pixel size was set to 0.1 µm while the frame time was set to 1 s. The background noise was added to the images as described previously [18] , producing a final SNR of 4.
STICS analysis
The spatio-temporal image correlation spectroscopy (STICS) technique [12, 13, 19] was developed to measure the directed transport or flow of proteins in living cells. STICS relies on calculating the spatio-temporal pixel intensity fluctuation correlation function from regions of interest (ROI) in images of a time series to obtain vector maps of the flow of fluorescently tagged molecules. A recent implementation of STICS was used to measure the diffusion laws, equivalent to data from spot-varying FCS experiments [20, 21] , from an image time series [22] . STICS can be applied to large FOV that covers the whole cell membrane or to a smaller ROIs which results in dynamics spatial mapping. The STICS correlation function for a given image time series is calculated using: 
x y ⃗ and * is used to denote the complex conjugate of the Fourier transformed image. Data sets were not filtered (for example to remove immobile events) or background corrected.
Fitting the STICS correlation function.
At zero time lag the STICS correlation function from an image series has a 2D Gaussian shape with the peak centered at zero spatial lag (ζ, η = 0). Depending on the migration mode of the fluorescent molecules (flow and/or diffusion) the correlation function will translate (flow only as shown in figure 1(e)), spread isotropically (diffusion only as shown in figure 1(b)) or translate and spread isotropically (flow and diffusion simultaneously) in spatial lag coordinate space as the time lag increases. Full details on STIC(C)S correlation function interpretation were described previously [12, 13] . Here we use a time spreading and/ or translating symmetric 2D Gaussian function to describe the STICS correlation function:
where A(τ) and ω(τ) are time dependent amplitude and e −2 radius of the correlation function, respectively. The time-dependent peak position of the correlation function is specified by (v x τ, v y τ) (equation (3)). Thus, extracting the CF peak position by 2D Gaussian fit versus temporal lag τ can be used to calculate the vector of the velocity field for the given FOV ( figure 1(e) ). On the other hand, the square of the e −2 radii of the correlation function ω(τ) will grow linearly with τ ( figure 1(b) ).
These can be used to calculate the diffusion coefficient of particles, and the maximum extent that particles diffuse out of the ROI within the time window considered (figure 1(c)). The diffusion and displacement maps derived from the CF width are produced by placing a circle at the center of the ROI defined in a temporal window (time of interest, TOI) with its radius equal to 2ω(τ max ) and is colored according to the diffusion coefficient extracted from the linear fit of the first 3 temporal lags of ω(τ) 2 versus τ (figure 1(d)).
trSTICS analysis for diffusion mapping
The time resolved version of STICS (trSTICS) involves narrowing the time window of interest (TOI) and iterating the TOI window through the series in order to map the particle dynamics over time (figure 1). It has been developed and tested previously [13] . In what follows, please refer to figure 1 for a visual example. The STICS correlation function is calculated for defined ROI-TOI defined by coordinates (iΔx, jΔy, kΔf). The dimensions (M, N, T) of ROI-TOI used for the diffusion mapping of wt Lck (figure 1(e)) were chosen to be (16, 16, 1024) . Each ROI center is shifted in x and y by an integer number of pixels, (Δx, Δy), in order to oversample the adjacent ROIs and produce a continuous variation in the diffusion map (yellow square in figure 1(a) 2-6). This slight oversampling produces comparable diffusion coefficients in the nearest neighbour ROIs, a feature that can be used for filtering of the noisy outlier results (please see below). TOIs are shifted in time by a defined integer number of frames, Δf (figure 1(a)). Combined shifting of ROIs in space (Δx, Δy), and TOIs in time (Δt) creates the spatiotemporally distinct ROI-TOI sub-stack ( figure 1(a) ). Applying STICS to each ROI-TOI produces the spatiotemporally defined diffusion coefficient at coordinates (iΔx, jΔy, kΔf), where (i, j, k) indicate the position of the region in the time series. In the current work, we selected 16 by 16 pixels regions by 1024 frames and we shift ROI-TOI by (Δx, Δy, Δf) = (4, 4, 500) pixels, in order to map out the whole field of view and the entire image time series.
Filtering the outlier diffusion coefficients.
The trSTICS code implements several checks to verify the statistical validity of a given correlation function fit and derived local displacement, prior to outputting the final map. The diffusion coefficient found at ROI-TOI is compared to the mean value of 8 of its nearest neighbours. If its value is outside of the 3 standard deviations range from the mean, the diffusion coefficient is assigned not-a-number (NaN) value. This ensures that D conforms to the neighbourhood range, as expected for the oversampled (4 pixel shift) ROITOIs. A similar approach for the filtering of an outlier flow vector was previously used to filter the vector map [13] .
sptPALM
We used the single particle tracking code u-track [8] to analyze the PALM data of glycosylphosphatidylinositol (GPI)-anchored proteins labelled with mEOS2 diffusing in the plasma membrane of COS-7 cells. The default parameters of the detection and tracking code [8] were appropriate for the data sets analyzed. The detected single particle trajectories of at least 30 frames in length were used for the calculation of the single particle mean square displacement (MSD), which were fit for the first five temporal lags in order to extract the diffusion coefficient per particle. sptPALM diffusion maps were created using the single particle trajectories detected within 1024 frames of imaging and color coded according to the particles' diffusion coefficient.
Results

Free 2D diffusion at high particle density
To verify the validity of image correlation spectroscopy for photo-activation microscopy, we simulated a free 2D particles diffusion scenario, with varying degrees of photo-activation, blinking and bleaching. We employed the de Gillespie algorithm to determine the state of all particles within a given simulation for a set of kinetic rates (see figure 2(a) for schematic of photophysical reactions). Figure 2(b) shows the time evolution of the particle population fractions when the kinetics rates were set to k 1 = 0.04, k 2 = 0.01, k 3 = 0.02 and k 4 = 0.04 particles s −1 . When the particle activation states were combined with their coordinates obtained from 2D free diffusion simulations, we obtained a simulated time image series ( figure 2(c) ). At 2 s, only few particles were visible but as time progressed to 30 s a maximum number of particles were in an active state, as visible in the simulated images. At longer time points, the number of visible particles was reduced due to photobleaching. This trend of visible particles in an image series followed the time evolution of the fraction of the photo-activated (active) particle population (red symbols in figure 2(b) ). The photo-activation rate, k 1 figure 2(d) ). The particle diffusion coefficient was set at D = 0.01 µm 2 s −1 . The measured values obtained by STICS are plotted as mean and standard deviation from 5 trials at a given set of kinetic rates ( figure 2(d) figure 2(d) ), which were set to k 4 1 , the recovered diffusion coefficient was at most 20% different from the set value, for the entire range of blinking rates k 2 and k 3 .
Protein flow dynamics at high density populated adhesions
As an example of diffusion of particles within a mobile structure, we simulated the flow of adhesion proteins within mobile adhesions since this scenario has been investigated extensively in the past without photo-activation [12, 13] . It was shown that at particle densities of ∼20 particles µm −2 or higher, STICS CF can exhibit contributions due to particles and adhesions [13] . Indeed, if particles (magenta circles in figure 3(a) ) populate the adhesions (cyan oval in figure 3(a) ) which flow in the direction opposite to the particles, two emerging peaks are observed in the STICS CF ( figure 3(b) ). The adhesion CF peaks emerged at later temporal lags, τ, and their amplitude was higher the denser particles were within adhesions. Consequently, extracting the particle velocity from the peak position of the STICS CF at different lags will be biased due to the adhesion CF peak. However, if one photo-activates only a subset of particles within adhesions, as shown in figures 3(c) and (e), then the adhesion peak is attenuated (see figures 3(d) and (f)) and the fitting procedure of STICS CF for extraction of particle flow is less biased. Approximately ∼40% of the 50 particles µm −2 populating moving adhesions were being activated with k 1 set at 0.2 and 0.025 particles s −1 for two cases shown in figures 3(c)-(f). As a result, the extracted velocities obtained from the CF fitting ( figure 3(i) ) yielded ∼25% error in the measured particle velocity compared to a 50% error when measured by STICS on images with all particles in the active state. The reduction in the error in velocity estimation is one of the major benefits of pairing STICS analysis with photo-activation data, as discussed below.
Diffusion of EGFR-PAGFP in live COS-7
In this section we present the results of the STICS measurement of EGFR-PAGFP diffusion in the plasma membrane of live COS-7 cells. Figure 4(a) shows images of the TIRF acquisition at 405 nm excitation. 405 nm laser is sufficient to convert and image PAGFP. At this wavelength all of the proteins located in the membrane were excited, hence one cannot distinguish single protein fluctuations within the FOV. A few very bright spots appeared in individual images and could be vesicles or coated pits in which EGFR is known to aggregate. When the same cell was exposed briefly to the 405 nm activation laser and then imaged with 488 nm excitation, i.e. photo-converted, only a subset of EGFR-PAGFP molecules was visible ( figure 4(b) ). It is evident from these individual frames that single EGFR-PAGFP molecules produced fluctuations above background. When subjected to STICS analysis, 405 nm excitation (shown in figure 4 (a)) lead to CFs that did not spread fast over temporal lags, τ ( figure  4(c) ). In contrast, when proteins were photo-activated and imaged at 488 nm excitation, CFs clearly spread and decayed over τ, indicative of fast particle motion ( figure 4(d) ). We fitted the STICS CFs of data with and without photo-activation at all temporal lags and extracted the time evolution of the squared CFs e −2 radii, which is also know as the imaging mean squared displacement (iMSD) in the STICS literature [22] . The iMSD with 405 nm excitation initially shows a very slow increase followed by saturation, which is a hallmark of caged or confined motion (figure 4(e) blue symbols). When iMSD analysis was applied to the data from figure 4(b), i.e. with photo-activation, it revealed a higher free diffusive behaviour at early time points compared to data without photo-activation, and a plateau that resembles anomalous diffusion at later temporal lags (see red symbols in figure 4(e) ). When the first 5 temporal lags of iMSD for data with 405 nm excitation were fit linearly, we extracted the diffusion coefficients of 0.009 ± 0.003 µm 2 s −1 (cell 1) and 0.013 ± 0.003 µm 2 s −1 (cell 2). However when the equivalent iMSD data with photo-activation were fit for the 5 first temporal lags, the extracted diffusion coefficients were 0.039 ± 0.008 µm 2 s −1 (cell 1) and 0.053 ± 0.003 µm 2 s −1 (cell 2). The outcome from the experiments above suggests that the difference in diffusion coefficients is likely to be caused by the influence of large, bright objects (such as vesicles) in the data without photo-activation, suggesting that the data obtained from the photo-activation experiment are a truer reflection of single molecule diffusion.
Diffusion map for Lck in live T cells
The final goal of the current work was to obtain spatio-temporal maps of dynamic parameters such as the diffusion coefficient or particle velocities. Our experimental test system consisted of Src kinase Lck that is involved in T cell receptor triggering during the initial stage of T cell activation. From a 256 × 256 × 10 000 images photo-activation time series, we obtained 16 time points (TOIs) of spatially evolving diffusion maps (61 × 61 ROIs), for either wild-type (wt) LckmEOS2 ( figure 5(a) ) or the mutant Y505F Lck-mEOS2 ( figure 5(b) ) that is locked in the open conformational state and constitutively active. We have previously shown that open Lck (Y505F Lck) induced the formation of clusters that are larger, denser and more stable than wt Lck clusters [3] . Both proteins were expressed in a T cell line (JCAM1) that lacks endogenous expression of Lck. We plated transiently transfected cells onto glass coated surfaces with anti-CD3 and anti-CD28 antibodies to activate T cell receptor signalling. For both cell lines, the same photo-activation conditions were used and images acquired in the photo-converted red channel under TIRF illumination. The mean and standard deviation of the diffusion coefficient for the wt Lck (from 5 cells) was 0. coefficient of the open state mutant was accompanied by a considerable increase in the slow diffusion zones ( figure 5(b) ). Hence the data obtained with timeresolved STICS are consistent with the cluster analysis of PALM data reported previously [3] .
Diffusion maps by paSTICS versus sptPALM
In order to compare the results obtained by the correlative approach of paSTICS and the single molecule tracking by sptPALM, we imaged the diffusion of glycosylphosphatidylinositol (GPI)-anchored proteins in the plasma membrane of COS-7 cells. We gradually increased the intensity of the photo-activation laser (405 nm) in order to increase the number of active fluorophores within the field of view. For every 512 pixels by 512 pixels and 1024 frames image acquired, we calculated the local diffusion coefficient by using either paSTICS or sptPALM (figure 6). The diffusion maps obtained by sptPALM (figures 6(b), (d) and (f)) show areas with high and low diffusion coefficients as red and blue trajectories, respectively. When compared to the diffusion maps obtained from paSTICS (figures 6(a), (c) and (e)), the local high diffusion areas (red in either type of maps) correlate well. It is important to note that sptPALM maps were produced only from the particle trajectories that were 30 frames long or more. Shorter trajectories were not considered since the MSD gets noisy for short trajectories and linear fitting of shorter trajectories can lead to a bias in the diffusion coefficient. Figures 6(g) and (h) show the normalized distributions of diffusion coefficients extracted by paSTICS and sptPALM, respectively. Here, we included sptPALM trajectories with 10 time points or longer. The average diffusion coefficients and the standard deviations obtained by fitting the paSTICS histograms with a normal distribution are 0.23 ± 0.31, 0.24 ± 0.23 and 0.24 ± 0.18 µm 2 s −1 , for low, moderate and intermediate levels of 405 nm photo-activation laser settings, respectively. The corresponding values extracted from sptPALM histograms were 0.26 ± 0.49, 0.23 ± 0.34 and 0.21 ± 0.29 µm 2 s −1 for these data sets. There are no significant differences in the average diffusion coefficient measured by either technique. The standard deviation of the diffusion coefficients were smaller with paSTICS compared to the values obtained with sptPALM. We attribute this to the fact that paSTICS evaluates the local diffusion coefficient taking into consideration the motion of all particles diffusing throughout the ROI (16 by 16 pixels) within a defined TOI (1024 frames). Therefore, this approach gives an average, and hence dominant diffusion coefficient, within the defined ROI-TOI. An advantage of the paSTICS is that all the particle trajectories, even short ones, contribute to the correlation function and amplify the dominant mode of motion within ROI-TOI. For the three experimental conditions, we obtained 3331, 5912 and 11487 sptPALM trajectories that were longer than 10 frames,and 639, 1331 and 2795 trajectories with more than 30 time points. On the other hand, paSTICS extracted 13 735, 17 868 and 23 301 values of the diffusion coefficient for the 3 experimental cases. Therefore, paSTICS will enhace the statistic of the dominant populations and can be used to extract a diffusion coefficient value for the ROI-TOI even for short particle trajectories. The extracted diffusion coefficients for GPI-mEOS2 were in the range of previously reported values obtained by SPT [26] . 
Discussion
The present manuscript outlines how STICS can be applied to the analysis of time series obtained by of photo-activation microscopy. We simulated free 2D diffusion at 0.01 µm 2 s −1 mimicking the slow temporal scale diffusion of membrane embedded proteins. In order to verify the effects of photo-activation and excitation lasers on the STICS analysis, we simulated the intermittent blinking and irreversible bleaching of particles using de Gillespie algorithm. Our results show that the STICS analysis overestimates the diffusion coefficient when the irreversible photo-bleaching rate (k 4 ) is 1 2 of the photo-activation rate (k 1 ) or higher. This is likely due to the low number of active particles present in the image series for those simulations, leading to noisy STICS correlation functions. The effect is amplified when the reversible bleaching (blinking) rate k 2 is higher than the reversible un-bleaching rate k 3 for particle to return into the active state. In these simulation scenarios the instantaneous number of active particles is furthermore reduced, corroborating the above hypothesis. To examine whether experimental data fall into these regions, we monitored the average intensity per frame versus time, which should reflect the fraction of active particles (red symbols in figures 2(b) ). If the early rise in 〈I〉 space versus time is significantly faster than the decay at later times, then k 1 is greater than k 2 and k 4 . Therefore, in this case more fluorophores were activated than were turned off by irrevesible bleaching or blinking, which does not affect the STICS analysis of the dynamics. In all our experimental data sets, 〈I〉 space versus time resembled the trends depicted in figure 3(h) . In contrast, data sets where 〈I〉 space versus time decayed exponentially (after the initial rise due to photo-activation) as depicted in figure 2(b) and (c), can lead to STICS artifacts. Therefore, we adjusted the laser intensities for the activation and excitation to produce a steady state activation of particles without noticeable photobleaching during the acquisition.
In the second simulated scenario, we considered particles that populate an object larger than the PSF, such as adhesions that are themselves mobile. It has been demonstrated previously [13] that in mobile structures, the density of particles influences the dynamics recovered by STICS. At high particle densities the object that is populated by particles becomes more defined and fluctuations in particle motion within the object are less dominant than at lower densities. This was simulated in the hypothetical adhesion anti-sliding model where particles and the object move in opposite directions to demonstrate how the contribution of object motion can mask the particle flow CF peak. We show here that if only a subset of particles are photo-activated, the object CF peak is attenuated and the extracted velocity approaches the set velocity of particles. The simulations demonstrate that particle flow velocity can be extracted even when particle density is very high (50 particles µm −2 ), when photo-activation is used to limit the number of fluorescent particles in each frame. Future experimental considerations could involve a gradual increase in the photo-activation laser intensity. STICS analysis of such data would measure the flow velocity ranging from particles (at low photoactivation laser intensity) up to that of the adhesion velocity (high photo-activation laser intensity). Experimentally, we showed that the density of activated particles can affect the EGFR-PAGFP diffusion coefficient as measured by STICS analysis of iMSD [22] by comparing images without and with photo-activation. Indeed, not only did the high density of active particles (without photo-activation) reduce the particle intensity fluctuations in the FOV, but there were also particles contained in brighter vesicle-like objects. It is known that the image correlation function amplitude scales with the weighted sum of the contributions from all the dynamic species present [14] . The weighting factor is the normalized intensity squared of the contributing species. Therefore, if one of the dynamic species in the image series are vesicles that are 10 times brighter than single particles, then at least 100 times more single particles are needed in order for their contribution to be dominant in the STICS CF. The results presented here show that the presence of few vesicles in the FOV can result in a significant underestimate of the diffusion coefficient of EGFR-PAGFP. In contrast, when only a subset of particles are photo-activated and imaged, the STICS analysis returns an iMSD-estimated diffusion coefficient of EGFR-PAGFP that is in good agreement with values measured by SPT [27, 28] . The data also confirms the bias of bright objects in the STICS analysis in data with a high density of fluorescent particles (i.e. without photo-activation) which is known to lead to similar artifacts in FCS measurements [16] .
Furthermore,we applied the photo-activation STICS approach with the spatio-temporal windowing (ROI-TOI) to produce time-evolving diffusion maps of the Src kinase Lck during T cell activation on antibody-coated surfaces. We demonstrate that large fraction of wt Lck diffuses faster than a mutant that is locked in the open conformation (Y505F) that results in larger, denser and more stable clusters than wt Lck [3] . The overall slower diffusion coefficient for Y505F in activated T cells is in agreement with the notion that open Lck is retained in clusters that facilitate weak, possibly electrostatic interactions between Lck molecules while closed Lck is repelled from such clusters [3] . We hypothesise that wild-type Lck appears has a high conformational flexibility so that its mean diffusion coefficient may reflect the yo-yoing of molecules in and out of clusters. This molecular behavior is distinct for the association with protein complexes that trap signaling proteins, including Lck, and can completely arrest their diffusion [29] .
Finally, we showed that average particle dynamics extracted by the local correlative approaches of paSTICS lead to similar diffusion maps to the ones obtained by sptPALM analysis of GPI-mEOS2 diffusion in the plasma membrane of COS-7 cells. It is important to note that u-track [8] detected ∼300-500 particles per frame in the presented data sets (figures 6(b), (d) and (f)), which estimates the activated particle density at ∼0.1-0.3 particles per µm 2 . At these densities both sptPALM and paSTICS can extract the diffusion maps. On the other hand, at higher densities, single particle tracking becomes difficult to achieve, even by sophisticated algorithms that take merging and splitting of the particle trajectories into account [8] . In paSTICS, the active particle densities can be up to 20 particles per µm 2 , and paSTICS analysis can measure particle dynamics without the biases that are seen with STICS (adhesion case from figure 3 ). It is in these intermediate regimes of active particle densities that paSTICS can complement and bridge between the sptPALM and standard STICS analysis.
It should be pointed out that paSTICS cannot resolve particle movements smaller than twice the pixel size, as stated by the Nyquist sampling criterion, and hence domain sizes and displacements smaller than 200 nm (for 0.1 µm pixel size) are not attainable by this approach. In contrast, SPT can map single particles positions to ∼50 nm, provided that the activated particles densities remain relatively low. Additionally, the theoretical maximum diffusion coefficient measured by paSTICS, within the ROI defined by size (δx, δy) using the frame time, δt frame , is equal to
In this equation we consider that the diffusion coefficient can be measured from the linear fit of the width of the paSTICS correlation function squared versus temporal lag, over the first 3 temporal lags. Considering (δx, δy) = (1.6, 1.6) µm and a time frame of 0.03 s, we calculated that we can measure D max ∼ 1.7 µm 2 s −1
. In cases where larger average diffusion coefficients per ROI have to be measured, we can increase the size of the ROI or decrease the frame time. Moreover, if the molecules are immobile in a given ROI-TOI, the width of the correlation function does not change with the temporal lag. As a result, the extracted slope of the temporal evolution of correlation function is zero, resulting in a zero diffusion coefficient for this ROI-TOI. If this same ROI-TOI is sampled by larger amount of mobile molecules, then the mobile population is dominant and the diffusion coefficient extracted is non-zero.
It should also be taken into account that the calculation time for a diffusion map for the paS-TICS of ∼16 000 ROIs (512 by 512 by 1024 frames) takes ∼3 h on Intel Xeon CPU (3.40 GHz). For the same data set, containing ∼600 particles per frame, it takes ∼7 h for the u-track algorithm to detect the position of the fluorophores [8] , although other SPT algorithms may be faster. Furthermore, the total time of detection and tracking will depend on the number of particles per frame, the total number of frames and the complexity of modes of motions searched by the SPT algorithms [8, 9, 30] . On the other hand, paSTICS computation time only depends on the number of frames and the size of ROI-TOIs but not on particle numbers. With GPU adaptation of the existing codes, the processing can be parallelized, since the ROI-TOIs are independent of each other, and hence the speed of processing can be increased ∼100-fold. Recent developments in Bayesian inference enable the categorization of particle trajectories and modes of motion for SPT data [30] [31] [32] . An equivalent Bayesian approach has not yet been applied to image correlation analysis but could be used for paSTICS in the same way as it was used in FCS for an objective and unbiased evaluation of competing models in auto-correlation function analysis to extract the diffusion, kinetics and local confinement parameters of proteins in the plasma membrane [33, 34] .
Conclusion
In the present manuscript we demonstrate that STICS analysis can be applied to photo-activation imaging data. Photo-activation STICS (paSTICS) can resolve particle dynamics even in the presence of bright objects such as vesicles or in scenarios where high particle density leads to the emergence of large objects (such as adhesions) which can corrupt the CFs and bias the extracted dynamics parameters including the diffusion coefficient and flow velocities. Importantly, high excitation laser intensities are not necessary in order to acquire enough photons per particle such as required for single particle tracking (SPT). By photoactivating a subset of particles at any given frame, the particle dynamics can be assessed over longer periods of time since the particle pool is not depleted rapidly as it is with direct excitation. In addition, photo-toxicity is reduced. By characterizing the local spatio-temporal CF, as obtained in trSTICS, we can produce the maps of particle dynamics over time without relying on complex and computationally intensive algorithms as often used in SPT. We demonstrated that paSTICS extends the dynamic range and precision of the STICS measurement of particle dynamics. Moreover, paSTICS can be considered as an alternative and complementary tool to SPT of photo-activation localization microscopy (sptPALM), especially when the complex photophysics of fluorophores, poor signal-to-noise and relatively high activated particle density makes the tracking challenging.
